Introduction 62
There is a well-recognized need for tracking sleep in patients as well as in the general 63 population. This rush to quantify sleep is partly driven by the increased awareness that sleep is 64 crucial for cognitive performance and wellbeing. Body movements offer an easy proxy for sleep 65 measurements. Essentially, users wear an accelerometer at the wrist or ankle and the recorded 66 accelerations i.e., body movements are automatically converted into estimates of sleep 1, 2 . This 67 popular method relies on the sharp drop in motility at sleep onset and the sharp rise with 68 wakefulness 1, 3 . The body movements recorded at the joints may involve different levels of cognitive 69 engagement -from reflexes to the postural control accompanying fine motor control. However, the 70 extent of cognitive engagement does not enjoy a simple linear relationship with the movements 71 recorded at the joints. For instance, the now common fine finger movements on the touchscreen are 72 cognitively engaging but they may result in no or negligible signal deflections at the wrist. This lack 73 of a simple relationship and the widespread use of smartphones in modern behaviour warrant an 74 up-to-date perspective on tracking sleep based on motor activity. 75
In general, modern digital interactions offer unprecedented opportunities to quantify 76 behaviour in the real world with major repercussions for sleep. For instance, the timing of social 77 messaging such as on Twitter can be used to elaborate the diurnal behavioural patterns 4,5 . This 78 measure of online activity is somewhat limited in terms of capturing the behaviour continuously. For 79 instance, only a fraction of the digital behaviour occurs via the social messaging server. Another 80 approach has focused on the mobile device itself, and sleep-wake cycles can be inferred by machine 81 learning algorithms that use the hardware state of the smartphone (i.e., phone on the charger and 82 the screen being on or off) as inputs and sleep diaries as the ground truth 6 . This 'black-box' 83 approach is not designed to improve the fundamental understanding of motor behaviour and sleep, 84
but it does underscore the value of capturing data from the smartphone sensors in the context of 85 sleep. However, there is a large gap between the accuracy of phone-based sleep detection and the 86 objective measures of sleep 7 . Regardless of the current limitations and pending validations of these 87 novel approaches, they do promise an economical, easy to administer and highly scalable measure 88 of sleep based on existing sensors in contrast to approaches that require extra sensors as used in 89 standard actigraphy. 90
In this study, we used standard wrist-worn actigraphy to quantify sleep-wake cycles and in 91 parallel recorded the time-stamps of smartphone touchscreen interactions. Although smartphones 92 have built-in accelerometers capable of monitoring body movements -as long as it is carried by the 93 user -the wrist-worn approach ensures that all of the movements are independently and 94 continuously recorded including when at asleep. We focused on the Cole-Kripke algorithm which is 95 well studied and widely used to infer sleep from the body movements. This algorithm has been 96 validated against the gold-standard or direct measure of sleep using polysomnography 3,8-10 . By 97 merging these distinct measures, we quantify the patterns of overlap between smartphone 98 behaviour and sleep and validate a novel approach to measure sleep derived from the smartphone 99 interactions alone. 100 101 102
Methods 103

Participants and recruitment 104
Participants across the campus of Leiden University were recruited by using advertisements on a 105 closed online platform and department-wide emails. Candidates with known neurological and 106 psychiatric diagnosis based on self-reports were blocked from recruitment. Due to technical 107 limitations, those users with an Android operating smartphone were invited to participate and under 108 the condition that the phone remains strictly un-shared during the study period. A total of 84 right-109 handed participants were recruited (44 females, 16-45 years of age, mean age 23). The experimental 110
procedures used here were approved by the Ethical Committee at the Institute of Psychology at 111
Leiden University. All the participants provided written and informed consent and were 112 compensated for their time using a cash reward or course credits. The weight with one layer of 113 clothing, height and the year/month of birth was collected from each participant. 114
Actigraphy measurement 115
The gross movements (3-axis accelerometer), the ambient light and near body temperature were 116 measured using GENEACTIV watches (Activinsights, Cambridgeshire, UK). Participants were 117
instructed to wear the watch on both wrists for a minimum of 2 weeks, and the data from the left 118 wrist is primarily presented here. One individual discontinued wearing the watches after a period of 119 5 days due to a skin rash, another 3 individuals discontinued after 4 days due to difficulties in falling 120 asleep wearing the watches and another individual discontinued after 2 days due to employer 121 restrictions on watches in general. The watches were set to acquire the data at 50 Hz and the data 122 was recovered after 14 days of acquisition, only to be reset for continued use if the subjects were 123 willing to participate for an additional week. 124 125
Tappigraphy measurement and on-phone sleep diary 126
The touchscreen interactions were quantified using the TapCounter App (QuantActions Ltd. 127
Lausanne, Switzerland). The App was installed by each user from the Google Playstore (Google,  128 Mountain View, USA). The App is designed to gather the precise timestamps of all touchscreen 129 interactions and operates in the background. Only those touchscreen interactions which occurred 130 during the 'unlocked' state of the screen were considered here. Each user was provided with a 131 unique user code -and when entered into the App the data was streamed to the cloud along with 132 the unique code for further processing. All data was encrypted during transmissions. Users were 133 instructed to note the bed, sleep, wake-up and out-of-bed times every day during the actigraphy 134 measurements on a 'notes' feature built into the TapCounter. 135 136
Actigraphy algorithm 137
The accelerations gathered along the three axes by the actigraphy watches were combined 138 using the sum of squares and low-pass filtered at 2 Hz. To estimate the putative sleep and wake 139 times, we employed the standard Cole-Kripke algorithm on the filtered data with slight 140 modifications 3 . A key part of this algorithm -the minute-by-minute categorization of the data into 141
rest-active states based on the weighted sum of the current minute with that of the surrounding 142
minutes -was extracted to study the physical activity state during smartphone usage. The algorithm 143 was implemented on MATLAB (MathWorks, Natick, USA) and used pre-existing codes 11 The touchscreen timestamps were processed using a separate algorithm designed to gather 158 the gaps in smartphone use at the circadian rest phase (i.e., at the putative night). First, the phone 159
data was reduced to binary states in 60s bins (1 as active and 0 as rest). The activity was further 160 processed using a cut-off (5% in an hour threshold) such that the brief periods of activity surrounded 161 by in-activity were labelled as rest. Next, we extracted all of the continuous gaps in smartphone 162 activity, such that the gap in usage was greater than an arbitrarily set 2 h threshold. In a parallel set 163 of computations, we obtained a 24 hour sinewave fit on the time-series of smartphone interactions 164
using the Cosinor analysis (Casey Cox's cosinor function implemented in MATLAB) 12 . This sinewave fit 165
was then used to determine the 6-hour long periods with the least activity in the tapping data in 24-166 hour windows. The two parallel streams were combined to select those activity gaps which had a 167 minimum of arbitrarily set 10% overlap (36 min) with the 6-hour period, and these gaps were 168 labelled as 'sleep'. 169 170
Statistical analysis 171
Robust linear regressions (using the bi-square fitting method) was used to test relationships 172 between tappigraphy and actigraphy, also to explore the relationship between tappigraphy 173
'measurement errors' and smartphone usage (implemented using the fitlm function in MATLAB). To 174 enable the correlations of values from a 24h clock in a linear space a simple transformation for the 175 sleep-onset values under 10 am, such that 01h in past midnight was considered as 25h. In t-tests, 176
the α value was set 0.05 and was adjusted using Bonferroni correction. In the analysis of how the 177 collected demographic information (age, gender, height and weight) reflect on sleep, the 2 subjects 178 with ages higher than 35 were excluded as outliers (> 5STD from the mean). 179
180
Results 182
Physical activity and smartphone usage 183
We estimated the variations in smartphone interactions at the different levels of physical 184 activity ( Fig. 1) . In keeping with our goal of better understanding sleep-wake cycles, we quantified 185 the activity in terms of the actigraphy 'D' values, where D is proportional to the sum of the 186 acceleration at any given minute and the surrounding minutes. Importantly, D < 1 corresponds to 187 sleep in the Cole-Kripke algorithm 3 . In all of the participants, the probability of observing 188 smartphone interactions increased when at physical rest (D ≈ 1, Fig. 1 ). In 42/87 participants, the 189 smartphone interactions were maximum between the D values of 0-2 and 34/87 participants show 190
the maximum values at greater than 6. Interestingly the smartphone behaviour at physical rest was 191 related to the behaviour when physically active, such that the higher the smartphone usage at 192
complete physical rest (0.25 ≥ D ≥ 0) the higher the phone usage when physically highly active (D > 7, 193 R 2 = 0.14,  = 1.13, t(72) = 3.33, p = 0.001).
195
Comparison of tappigraphy based sleep-wake estimations to standard actigraphy and sleep diaries 196
The high probability of smartphone touches at physical rest raised the opportunity that the 197 putative sleep times can be simply estimated by observing the gaps in smartphone usage. We 198 compared two standard methods used to estimate sleep with that of a new tappigraphy-based 199 algorithm based on the gaps in smartphone usage. Pooling all of the measurements together, we 200 found strong correlations between the putative sleep times determined by actigraphy vs. 201 tappigraphy (Fig. 2) . For the sleep onset times a linear fit with a slope ≈ 1 well captured the 202 relationship (R 2 = 0.85,  = 0.94, t(1382) = 86.85, p = 0). For the wake-up times there was strong 203 correlation between the actigraphy (x) vs. tappigraphy (y) estimates as well (R 2 = 0.9,  = 0.91, 204 t(1382) = 112.02, p = 0). In terms of sleep duration, tappigraphy consistently 'under-estimated' 205 sleep given that the slope was substantially below 1 (R 2 = 0.29,  = 0.49, t(1325) = 22.9 , p = 1 x 10 -98 ).
206
This regression yielded an intercept of 3.9 (p = 2.0 x 10 -85 ) and x == y was at 7.6h, suggesting that the 207 tappigraphy sleep durations > 7.6h are underestimates of sleep. This could not be simply explained 208
by the fact that the data used was from the left wrist whereas the phones may be handled by the 209 right. Using the right wrist movements, we again found a biased estimation of sleep duration (R 2 = 210 0.32,  = 0.52, t(1375) = 23.7 , p = 3.8 x 10 -104 with an intercept of 3.8, p = 1.6 x 10 -77 ). A similar 211
pattern was found when comparing tappigraphy to sleep diaries. For sleep onset and wake-up times 212 a linear fit with a slope ≈ 1 well captured the relationship between the two approaches (for sleep 213 onset: R 2 = 0.89,  = 0.10, t(1034) = 92.0 , p = 0 and for wake-up times: R 2 = 0.94,  = 0.99, t(1108) = 214 135.9 , p = 0). As in actigraphy, the sleep duration was underestimated by tappigraphy (y) vs. diary 215 (x, R 2 = 0.59,  = 0.88, t(1023) = 38.5 , p = 4.71 x 10 -201 ) and the regression model had an intercept of 216
1.39 (p = 2.36 x 10 -14 ). It is interesting to note how the sleep diary (y) related to actigraphy (x). The 217 regression model was captured with a slope ≈ 0.5, suggesting subjects reported shorter durations 218 compared to what was determined by actigraphy (R 2 = 0.36,  = 0.47, t(1091) = 24.6 , p = 7.42 x 10 -219 107 ). 220 221
Inter-individual differences in actigraphy and tappigraphy-based sleep-wake estimations 222
A key question is how engaged must any user be on the smartphone for the tappigraphy 223 based metrics to accurately reflect sleep. Considering the actigraphy based measures as ground 224 truth, we found that the median sleep onset and wake-up times derived from tappigraphy were well 225 correlated to the values obtained from actigraphy (Fig. 3 , for sleep onset: , R 2 = 0.72,  = 0.97, t(77) = 226 14.1 , p = 4.45 x 10 -23 and for wake-up times: , R 2 = 0.60,  = 0.83, t(77) = 10.7 , p = 6.00 x 10 -17 ). Next, we determined the median percentage error in estimating sleep duration against the actigraphy 228 values to find the median absolute % error to be 7.2, and median % error at -2.8, i.e., in the majority 229 of the sampled population sleep was 'under-estimated' (negative error) by tappigraphy. Note that 230 these negative errors may well mean that actigraphy over-estimates true sleep durations rather than 231 tappigraphy underestimates the duration. This was further confirmed when comparing the 232 population means derived by using actigraphy (8.5h ±0.94STD) vs. tappigraphy (8.1h ±1.1STD, t(78) = 233 2.4, p = 0.02). Interestingly, the errors were strongly related to smartphone usage -such that 234 tappigraphy over-estimated sleep in comparison to actigraphy for users who generated a low 235 number of touchscreen touches per day and the errors were reversed for the high smartphone users 236 (R 2 = 0.27,  = -0.0023, t(77) = -5.23, p = 1.4 x 10 -6 ). With the 0-error intercept set at ≈ 3200 touches 237 per day. This value offers a guideline on the extent of engagement needed to estimate sleep using 238 tappigraphy. As the number of available days of measurement varied from 5 to 31 days per 239 individual, we opportunistically addressed whether the errors were linked to the number of days of 240 measurement and this was not found to be the case (R 2 = 0.02,  = -0.12, t(77) = -0.62, p = 0.53).
241
As sleep may vary from one night to the next, we measured the intra-individual variation in 242 sleep duration (CoV) to find that the actigraphy vs. tappigraphy values corresponded well to each 243 other (R 2 = 0.35,  = 0.57, t(77) = 6.13 , p = 3.6 x 10 -8 ). Finally, we exploited the demographic 244 information to address whether the inter-individual differences in sleep durations and sleep CoV 245 could be explained by the amount of phone usage (measured as number of touches per day), age, 246 gender (dummy variable), height and weight. Age, height and weight were normally distributed, but 247 the sample was focused on a rather narrow age-range (mean Age was 23 ±2.6 STD). For the 248 actigraphy based sleep duration, the overall multiple regression model was not significant (R 2 = 0.03, 249 F(5,71) = 0.44, p = 0.82). When using sleep CoV as the dependent variable, the full regression model 250 was significant (R 2 = 0.237, F(5,71) = 3.38, p = 0.001) and, the variation reduced with age ( = -0.01, 251 t(71) = -2.08 , p = 0.04) and increased with weight ( = 0.003, t(71) = 3.02 , p = 0.004). Next, we 252 performed the same analysis using the sleep duration and sleep CoV values derived from 253 tappigraphy. For the sleep duration, the overall model was highly significant (R 2 = 0.30, F(5,71) = 254 6.17, p = 8.39 x 10 -5 ). The higher the phone usage the shorter the duration ( = -0.0002, t(71) = -4.71 255
, p = 1.2 x 10 -5 ) and the larger the weight the shorter the duration ( = -0.023, t(71) = -2.09 , p = 256 0.04). For sleep CoV, the overall model was significant (R 2 = 0.23, F(5,71) = 4.25, p = 002). The higher 257 the phone use the lower the variation ( = -1.7 x 10 -5 , t(71) = -3.19 , p = 0.002) and females were less 258 variable than males (female = 1,  = -0.09, t(71) = -3.03 , p = 0.003).
260
Smartphone usage in actigraphy derived 'sleep' 261 Some of the observations described above were consistent with the idea that actigraphy can 262 overestimate sleep. If this is the case, smartphone touches must be visible even during the putative 263 sleep times determined by actigraphy. First, we quantified the probability of observing a smartphone 264 touch during the actigraphy derived sleep. Users were found to be regularly interacting on the 265 phone in the putative sleep period (Fig. 4) . Next, we addressed the temporal distribution of the 266 probability of observing smartphone touches in 3 min bins after the sleep onset and before the 267 wake-up time. Interestingly, the probability of observing a touch remained significantly greater than 268 0 for ≈ 2 h after sleep onset and before wake-up time. Unsurprisingly, the body movements were 269 observed through the night, albeit lower than at sleep onset or wake-up time. Firmly understanding the link between smartphone usage and physical activity is a key step 296
for sleep research and medical conditions associated with physical inactivity or obesity 16 . For the 297 former, there is no consensus on to what extent smartphone usage or digital media usage influences 298 sleep but the conventional observations have vigorously employed self-reports which can be 299 expected to provide a noisier, more time consuming and expensive understanding compared to the 300 sensors used here 17,18 . We consistently find that users used their phones at rest. In this study, we 301
focused on a measure of physical activity that is typically used in resolving the sleep-wake state in 302 the popular Cole-Kripke algorithm 3 . This measure uses the accelerations recorded at the wrist as raw 303 inputs. A well-known limitation of actigraphy is that while low acceleration values with the watch 304 firmly attached on to the wrist is a reliable indicator of physical rest, the higher values may be 305 contaminated for instance by a bumpy ride in a vehicle. Therefore, when considering our finding that 306 there can be a second peak of smartphone usage when physically active must take this technical 307 limitation into consideration. 308
We deployed a simplistic algorithm to determine the putative sleep onset and wake-up 309 times based on the smartphone touches. This tappigraphy algorithm essentially combined two safe 310 assumptions. First, the smartphone screen can be only touched when awake. Second, users follow a 311
24-hour sleep-wake cycle. The first assumption provided us with a list of smartphone usage gaps of 312 which at least one contained sleep duration. The second assumption helped select the maximum 313 gap which overlapped with the inactive phase -and this gap was identified as putative sleep. This 314 simple approach resulted in sleep onset and wake-up times which were highly correlated with the 315 times extracted from the standard actigraphy or sleep diary. Admittedly, there is scope for 316
improvement -neither do we foresee a solution to how tappigraphy could detect day-time naps nor 317 can we be sure it would accurately reflect sleep in subjects who cannot follow the 24 h cycle as in 318
shift workers or in sleeping disorders such as insomnia. However, this initial version can be a 319 powerful tool for quantifying sleep in individuals who follow diurnal behavioural patterns and 320 addressing its utility in shift workers or sleeping disorders is a necessary next step. 321 Interestingly, the sleep durations were typically shorter when measured by using 322 tappigraphy in comparison to actigraphy or sleep diaries. The overestimation of sleep by actigraphy 323 is a well-recognized methodological issue and is typically explained by the delay between reduced 324 motility and falling asleep 3,13 . Our findings suggest a more complex scenario in the sense that there is 325 a highly active period -in terms of cognitively engaging smartphone behaviour -between the two 326 sleep-related landmarks. A surprising finding was the prevalence of smartphone interactions 327 surrounding the wake-up times, suggesting another source of sleep-overestimation in actigraphy. In 328 sum, smartphones occupy the apparently quiescent periods between going to bed and falling asleep, 329
and waking up and getting out of bed. These findings raise the crucial question of whether these 330 periods were used differently in terms of cognitive activity prior to the introduction of smartphones 331 in human behaviour. Regardless, due to the general consensus that a quiescent period before sleep 332 is integral to initiating sleep, combining tappigraphy and actigraphy (or polysomnography) may offer 333
highly relevant measures of sleep hygiene 19 . 334
We opportunistically used the demographic data assimilated on age, gender, height and 335 weight to address how they related to sleep measures derived from tappigraphy and actigraphy. In 336 terms of sleep duration, actigraphy based values did not relate to the demographic information. 337
However, according to tappigraphy the higher body weight (height-adjusted) negatively correlated 338 with sleep duration. This is in line with previous findings on obesity and sleep, and at the very least 339 phone usage surrounding sleep may be indicative of body weight 14 . An interesting pattern of results 340 emerged when we focused on the night-to-night variations in sleep using tappigraphy or actigraphy. 341
Again, in line with previous observations on irregular sleep in obesity, actigraphy revealed that 342 individuals with higher weight showed more irregularity in sleep. In tappigraphy, we found a striking 343 gender difference, with females being more regular sleepers than males. Figure 4 
